Abstract: Water main systems are aging and becoming a growing concern for maintenance. The for pipe data analysis. The copula method is very useful in cases where marginals belong to 9 different families of distributions. It is also useful for generating a large number of data points 10 when it is difficult to obtain a data set, as is the case for pipe condition assessment, and where 11 data sets have random variables belonging to non-Gaussian family distributions. Different 12 copula families are applied here to model the dependency between the pipe age and repair age of 13 pipes. The paper uses a Bayesian framework to estimate the parameter values in the copula 14 model. This approach offers an additional option for estimating copula parameters for pipe data. 
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Copula Parameter Estimation Using Bayesian Inference for Pipe Data Analysis Introduction

17
The underground water infrastructure system in the United States was installed mainly in the 18 periods of the 1800s, 1900-1945, and post-1945 combining given marginal distributions according to a specified form of a copula function.
49
Copulas are appealing because they capture dependencies more broadly than the standard 50 multivariate normal framework. This paper uses copulas to model the bivariate distribution by 51 drawing samples from the joint distributions of dependent variables. The paper then uses the 52 Bayesian statistical method using Markov Chain Monte Carlo (MCMC) sampling to obtain the 53 copula parameter.
54
Background
55
There are three modeling procedures used to predict pipe failures (Opila and Attoh-Okine 2011):
56 descriptive analysis models, physical/mechanical models, and statistical models. Descriptive 57 analysis models summarize pipe failure data, which can be used to determine trends in pipe 58 failures. These types of models can provide information on the breakage rates for groups of pipes 59 but not information about individual pipes.
60
Physical models use the physical mechanism that leads to pipe failure to predict future 2) The copula approach provides a way to separate marginals from the dependence 114 structure, hence reducing the study of a multivariate distribution to a study of a 115 multivariate dependence structure.
116
3) The limitation of using the linear correlation coefficient is avoided.
117
4) The invariance property of the copula dependence structure under transformations and its
118
independence from the marginal distribution can provide efficient simulations.
120
Berg (2008) 
where ܿሺ‫ܨ‬ ଵ ሺ‫ݏ‬ ଵ ሻ, … … … … , ‫ܨ‬ ሺ‫ݏ‬ ሻሻ = copula density associated with the copula function 
164
There are many functions which satisfy the mathematical condition for being a copula widely known Archimedean copulas are summarized in Table 2 (Attoh-Okine 2013). Family of copula Generator ∅ Parameter Bivariate copula ሺ, ሻ
The Clayton copula tends to work well where there is strong left tail dependence; the
185
Gumbel copula is good for positive tail dependence rather than negative tail dependence.
186
Meanwhile, the Frank copula is a symmetric Archimedean copula where tail dependence is 187 weak. The comparisons between elliptical and Archimedean copulas are shown in Table 3 . The correlation between the marginals can be easily determined.
They are easily deduced.
Disadvantages
Absence of closed form expressions and impossible to have radial symmetry
The definition does not extend to a multivariate data set of n variables as there will be multiple values of tau.
191
Since Archimedean copulas are easily constructed and deduced, for analysis of copula parameter 
212
Here the maximum pseudolikelihood estimator is discussed in detail. The method requires that Bayes' theorem is based on the conditional probability as denoted by
In words, the definition implies that the probability of y given x is the probability that they 225 happen together relative to the probability that x happens at all. Multiplying both sides of Eq. 9 is the probability that the data could be generated with parameter value θ.
248
When there is observed data, Bayes' rule can be used to determine beliefs across competing ߆ and ∅ generated separately in a Gibbs sampling scheme.
260
• Bayesian hierarchical modeling has been proven successful for the modeling of 261 multivariate data.
262
• When estimating a copula model, the objective is often to construct inferences on the determine the effectiveness and comparison of the existing pipe deterioration models.
284
A set of water pipe data was obtained from a utility company in the desert west region.
285
The data set included pipes ranging from 4" diameter to 66" diameter. recorded at the time the inspection was conducted. Repair age is based on the time the pipe repair 342 took place. The pipe age and repair age were converted to years instead of days for simplicity.
343
The refined data set gave a correlation value for Spearman's rho of 0.936 for pipe age and repair figure shows that the generated points match the original points well.
354
Similarly, using the normal marginal, 1000 data points were generated. Both of these data 355 sets were used for regression analysis, and the results are shown in Table 5 . It is apparent that Applications of the Bayesian inference for the pipe data using the Gumbel copula and the Frank 365 copula are discussed in the following sections. 
where c is the copula density, and for a marginal of normal distribution,
where ߤ denotes the mean of the distribution and ߬ is known as precision, which equals 1/ߪ ଶ .
372
The "zero tricks" as described in WinBUGS manual is used to encode the likelihood function 
381
For the Gumbel copula, the density function in Eq. 19 was used as a likelihood function 382 in Bayesian analysis. The theta prior of uniform value of 1 to 100 was also used.
383
Using the Spearman's rho value of 0.93, the Gumbel copula 4.5 was chosen to generate 
388
The generated data using a normal marginal was used to obtain the parameter by Bayesian 389 inference. The mean value of the parameter was 4.106. The range for the 2.5th percentile was Table 6 , for all the parameter calculations, the MC error value is significantly low. 
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Frank Copula Parameter Estimation
